Impact of genetic and non-genetic intra-tumor heterogeneity (ITH) on tumor phenotypes and evolvability remain debated. We analyze ITH in lung squamous cell carcinoma at the levels of genome, transcriptome, tumor-immune interactions, and histopathological characteristics by multi-region profiling. Genetic heterogeneity underestimates the extent of transcriptional heterogeneity, which impacts multiple cancerrelated pathways, leading up to regional differences in tumor subtype, multi-drug resistance, and proliferative potential. Using meta-ITH, a framework developed here, we note that non-genetic heterogeneity correctly predicts ITH in histopathological characteristics, which was not effectively captured at any one level. Genome, transcriptome and immune-level heterogeneity reveal different selection pressures on tumors. Detectable subclones often show differences in estimated growth rates, indicating non-neutral tumor evolution. Neoepitope burden negatively correlates with immune infiltration, indicating further immune-mediated purifying selection on genetic variations in these tumors. Taken together, non-genetic heterogeneity is a dominant predictor of phenotypic heterogeneity and reveals ongoing evolutionary dynamics in lung cancer.
In the tumor specimens, using multi-region sequencing we identified 120-1606 somatic exonic SNVs, which included missense, nonsense and silent variants (Figure 1B; Supplementary Table 2 ). The frequency of detectable somatic mutation (2/Mb-26/Mb) was comparable to that reported elsewhere [TCGA] (Supplementary Figure 3) . A majority of the somatic SNVs (34-91%) were 'ubiquitous' across all regions in a tumor, while 2-55% SNVs were 'shared' among multiple tumor regions, and relatively small proportion of the somatic SNVs (0.8-10%) was 'unique' to a single region (Figure 1B; Supplementary Figure 4) . We also inferred genome-wide copy number alterations (CNA) based on exome sequencing data (Supplementary Table 2, Supplementary Figure 5) . In general, the proportion of CNAs that were ubiquitous was smaller than the corresponding proportion of SNVs. This is in line with observations that as much as half of the somatic mutations in tumor genomes likely arise in benign progenitor cell prior to tumor development (and thus are ubiquitous) (Tomasetti et al., 2013) , while copy number alterations in pre-neoplastic tissues are rare (Aghili et al., 2014; De, 2011) . Occasional genome doubling in non-small cell lung cancer has been reported (Jamal-Hanjani et al., 2017) , but we found no evidence for genome doubling in our samples based on allelespecific copy number profiles. Cancer cells survive cellular crisis through telomere maintenance mechanisms, so we also estimated telomere length in tumor regions relative to matched normal regions using TelSeq (Ding et al., 2014) . Inferred telomere length varied across different regions within tumors, but overall, a majority of the tumor regions had shorter inferred telomere length than matched benign, pathologically normal regions (Figure 1C) .
Among known cancer genes, PTPRS, KMT2D, FT4, ALK, ASXL2, ZNF521 and ARID1A had ubiquitous somatic SNVs in P2, P3, P5 and P6 that were deemed potentially pathogenic ( Supplementary Table 2 ). Known oncogenes such as SOX2, HOXC13, PAX3, TERT, TP63 were amplified in multiple samples, while tumor suppressor genes such as POU5F1, NTRK3, GRIN2A were deleted in either all or some regions in different tumor samples ( Supplementary Table 2 ). Copy number amplification was slightly more common than deletions, and impacted known cancer genes proportionally more. A majority of the detected known oncogenic point mutations and copy number alterations were ubiquitous and therefore arose reasonably early during tumor development. But there are exceptions, e.g. in P2 potentially pathogenic mutation in KMT2D a histone methyl-transferase implicated in non-small cell lung cancer (Ardeshir-Larijani et al., 2018) , was only found in regions R2 and R3 but not in R1 region. Similarly, sample P3 harbors a potentially deleterious mutation in CASP9, a tumor suppressor, only in region R3. Copy number estimates from exome sequencing data tends to be less reliable, but in this case, inferred CNA estimates were consistent with gene expression changes of known cancer-related genes. For instance, copy number amplification of SOX2 resulted in higher SOX2 expression in tumors relative to matched benign tissue (Supplementary Figure 6) .
Patterns of genetic heterogeneity
To estimate the extent of inter-region genetic heterogeneity, we constructed phylograms (Figure 1B, Supplementary  Table 3 ; see Methods) for every patient based on variant allele frequencies for somatic SNVs across different regions, such that branch-lengths in the phylograms indicate the extent of genetic divergence amongst the tumor and benign regions in a patient. Overall, intra-tumor regional genetic heterogeneity was less compared to tumor-paired normal tissue differences. Patient samples P1, P3, P4 and P6 showed conservative patterns of genetic ITH, whereas patient samples P2, P5, P7 and P8 showed relatively high levels of ITH with subset of tumor regions harboring either substantially less tumor mutation burden (R1 of P2) or excess of low frequency variations as compared to other regions (R4 of P5 and R2 of P7). We also identified somatic mutation clusters using Pyclone (Roth et al., 2014) based on somatic SNV and allele-specific CNA from multi-region tumor genomic data. Typically, 3-9 clonal clusters were identified for each tumor, and a majority of the clusters were present in all or most regions in a tumor, but their proportions varied between different regions (Supplementary Figure 7) , similar to that reported elsewhere (Jamal-Hanjani et al., 2017) . For instance, in P6, we identified 3 prominent mutation clusters; all 3 were present in all regions in the tumor, but at varying proportions (Figure 1D) . Somatic mutation clusters may be considered as proxies for subclonal entities, but it remains a computationally challenging problem and caution is warranted while inferring clonal makeups from mutation clusters. Anyhow, we further computed Shannon's and Simpson's indices for each region to quantify intra-region species richness and diversity in terms of abundance of different mutation clusters (Supplementary Figure 8) ; Shannon's and Simpson's indices were comparable across regions within a tumor, partly because a majority of the major mutation clusters were detected in all regions. All in all, mutation clusters and phylograms suggested modest level of genetic ITH in the samples. It was not due to mutation burden, or spatial proximity of the sampled tumor regions (Methods), and as we show later, considerably underestimates the extent of phenotypic heterogeneity in these tumors. Genomic ITH in LUSC is known to be lower than that observed in some other non-small cell lung cancer subtypes .
Somatic mutation signatures provide insights into cancer etiology, exposure and patterns of disease progression. We identified signatures for smoking, consistent with the etiology of this disease (Jamal-Hanjani et al., 2017) , as well as signatures of defective DNA mismatch repair, APOBEC and 5-methyl cytosine deamination ( Figure  1E, Supplementary Figure 9 ). APOBEC mutation signature was proportionally higher in non-ubiquitous mutations, which is consistent with reports that this signature probably arises late during tumor development (Jamal-Hanjani et al., 2017) . Overall, genetic heterogeneity manifested by regional differences in oncogenic mutations, genomic alterations, telomere length, and mutation signatures, was moderate. As we show in a later section, an integrative
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Landscape of transcriptomic heterogeneity in the tumor samples
In the tumor and matched benign, pathologically normal tissues ~18K genes had detectable expression based on 150bp paired end sequencing. First, an unsupervised principal component analysis of gene expression data across all samples showed that (i) benign tissues cluster together, indicating low level of between-sample variation as expected in non-diseased tissue specimens, and (ii) different regions from the same tumors typically cluster together, suggesting that intra-tumor transcriptomic variations were still relatively smaller than inter-individual differences (Figure 2A) . For instance, different regions from within one tumor clustered together for P3, P4 and P6, but for P1, P2 and P5 some tumor regions showed greater variation. In case of P5, region 4 (P5-R4) clustered separately from rest of the three regions, which is consistent with the extent of genetic divergence this region had relative to benign tissue and other regions in P5. We note that P1-R1, P1-R3 and P2-R1 were relatively closer to the benign samples -which might be due to low tumor cell fraction in these regions (Supplementary Figure 2) .
We computed pairwise transcriptomic distance between regions, and accordingly constructed phylograms for each patient using multiregional RNA expression data (see Methods for details; Figure 2B , Supplementary Table 4 ) to study the extent of transcriptomic divergence and ITH. Intra-tumor transcriptomic heterogeneity was generally lower compared to tumor-paired benign tissue transcriptomic divergence. Some tumors had overall lower transcriptomic heterogeneity compared to others. For instance, P3 and P6 had lower transcriptomic ITH compared to P4 or P5. We also compared the extent of divergence of tumor regions from paired benign regions both at genomic and transcriptomic levels, and found that those are highly similar ( Figure 2C ). For instance, in Sample P2, the region R2 showed both increased genetic and transcriptomic divergence from other tumor regions. The correlation between genomic and transcriptomic levels is not entirely due to regional variation in tumor purity, because (i) the correlation persisted even when adjusted for estimated tumor cell fraction in the cohort (Spearman partial correlation coefficient: 0.58, p-value: 4.36e-03), (ii) the regions with low tumor cell fractions did not necessarily have transcriptome profiles similar to the benign tissue, because in certain cases they had higher immune cell infiltration instead (Supplementary Figure 10) , and (iii) such similarity was not apparent when we investigated ITH at other levels, as discussed later. Taken together, similarity in the general topology of the phylograms and the extent of divergence from the matched benign, pathologically normal tissue both at genomic and transcriptomic levels in a majority of the samples suggested that the patterns of heterogeneity at these two levels followed reasonably parallel patterns. This is in line with reported convergent patterns of genetic and epigenetic evolution and heterogeneity in some other cancer types (Mazor et al., 2015) .
Impact of transcriptomic ITH on cancer-related processes
Genetic changes involving cancer genes impacted transcriptome of associated pathways in a consistent manner. Oncogenes such as SOX2, ETV4, CCNE1 and TP63 had ≥4 fold increased expression in multiple tumors, consistently across all regions therein, as compared to benign tissues ( Supplementary Table 5 ), while tumor suppressor genes like ERBB4 and HNF1A had low expression consistently in all regions in P4 and P6, consistent with their copy number status. Some other cancer genes such as RET, PAX3, PAX5, PAX7 and WT1 had altered expression only in some tumor regions. Multiple HOX family genes (HOXA11, HOXA13, HOXC13 and HOXD11) were deregulated in multiple tumors; for instance, HOXC13 showed subclonal duplication in samples P4 and P5 and consistent alterations in gene expression. Apobec-family genes (e.g. APOBEC3B) had high expression in some tumors such as P4 and P5, and indeed those tumors had APOBEC-related mutation signatures in somatic SNVs (Figure 1E) . Likewise, altered mismatch repair activity was consistent with higher mutation burden and mismatch repair mutation signatures in P5.
We measured dysregulation in key cancer-related pathways (Figure 2D, Supplementary Figure 11 , Supplementary Table 6 ) using a network based Jensen-Shannon Divergence (nJSD) score (Park et al., 2016) , with values ranging from 0 to 1, where high values represents increased perturbation compared to matched normal tissue. NFKB activation pathway, which is associated with cell survival, was found to be highly deregulated in certain regions of tumors P3-R1 and P3-R3, P4-R1 and P5-R3. Immune pathways and steroid biosynthesis pathways were among most highly deregulated pathways, with pathway entropy scores as high as 0.98. On the other hand, pathways like G2M DNA damage checkpoint, APC/CDC20 mediated degradation of Cyclin B and hedgehog pathways were moderately deregulated across all regions of all samples, except P2-R1 region.
Gene expression changes of certain genes also correlated with relevant genomic characteristics in a consistent manner. TERT is not expressed in benign tissues, but it was detected at varying levels in the tumors. Telomere length had negative correlation with TERT expression (Spearman correlation coefficient r=-0.32, p-value = 3.9e-02; Figure  2E ) across the tumor regions, which is consistent with reports that TERT expression is negatively regulated by telomere position effect-over long distances (TPE-OLD) mechanism .
Altered oncogenic pathway activities are expected to impact clinically relevant growth characteristics of tumors e.g. rate of proliferation and apoptosis. We determined proliferation index (PI) for all the samples using gene expression data for 131 genes most associated with PCNA expression (see Methods for details). For every patient, PI Figure 2A . D) Heatmaps showing the extent of pathway disruption activity measured using nJSD, proliferative score, apoptosis score, epithelial-messenchymal score, TERT expression, hypoxia score, multi-drug resistant pathway disruption activity and histological subtype score based on expression of published biomarker genes for different tumor regions. E) Scatterplot showing inverse association between TERT expression and telomere length estimates. Spearman correlation coefficient and p-value are shown at the top. F) Scatterplot comparing the extent of transcriptomic and genomic intra-tumor heterogeneity for the tumor samples. The color code is same as in Figure 2A . G) Oncoprint plot showing histological subtype (secretory characteristics), proliferative score, apoptotic score, and epithelial vs messenchymal characteristics score for the tumor samples ranked according to their ratio of transcriptomic ITH over genetic ITH. for all tumor regions were higher than adjacent benign, pathologically normal tissues. Some tumors had regional differences in PI scores, e.g. P2-R2, P4-R3, P4-5 and P5-R1-3 showed high PI score as compared to other regions in the same tumors (Figure 2D, Supplementary Table 7 ). We note that these regions clustered away from other regions in the same tumors (Figure 2A ) in transcriptomic profile and showed different genomic mutational patterns ( Figure  1B) . We also calculated apoptotic index (AI) in a similar manner based on known apoptosis-related genes. For samples P2, P4 and P5 some regions showed lower AI as compared to other regions (Figure 2D , Supplementary  Table 7) . Interestingly, in P4 and P5, AI also showed similar patterns of variability as PI. In general, AI and PI correlated across tumor regions (Spearman correlation coefficient: 0.51), which is consistent with TCGA data, where PCNA, CCNB1 and Caspase 7 expression correlate significantly in the non-small cell lung cancer cohorts (Supplementary Figure 12) . This is probably due to the fact that replication stress is a major driver of apoptosis in rapidly proliferating tumors (Macheret and Halazonetis, 2015) . Phenotypic characteristics of tumor cells provide insights into tumor aggressiveness and histological classification. We computed epithelial-messenchymal (EM) characteristic score (see Methods for details) to determine whether some regions are more mesenchymal-like than others. P4 and P5 samples also showed heterogeneity in EM scores across different regions (Figure 2D , Supplementary Table 8 ) with P4-R2 and P4-R3 depicting more of epithelial signature as compared to other three regions. Similarly P5-R1 and P5-R3 have higher EM score as compared to other regions.
Intra-tumor heterogeneity can contribute to heterogeneous response/resistance to drugs, leading to therapeutic failure. For instance, over expression EGFR is a common oncogenic event in lung cancers which leads to activation of tumor associated signaling cascades such as PI3K/AKT, MAPK and mTOR pathways. We examined the extent of deregulation of cellular pathways and gene-sets known to be associated with multi-drug resistance in lung cancer(Wangari-Talbot and Hopper-Borge, 2013) using nJSD score (Figure 2D, Supplementary Figure 13A ) and found consistent patterns of regional heterogeneity. For instance, in P4, regions R3 and R4 showed higher levels of deregulation of mTOR pathway relative to that in other regions, and incidentally R3 and R4 also had gene expression signatures of high nJSD score in hypoxia and proliferation-related genesets. We further evaluated a 25 gene expression signature of resistance to Pemetrexed (Hou et al., 2012) , a widely used drug for treatment of NSCLC patients, such that higher expression of the signature genes are associated with poor response. Pemetrexed-resistance signature showed intra-tumor heterogeneity -in P4, once again R3 and R4 showed signatures consistent with higher predicted resistance (Supplementary Figure 13B) . Coherent patterns of regional heterogeneity in multi-drug resistance not only re-emphasizes need of considering intra-tumor heterogeneity while designing therapies but also power of integrating multi-level heterogeneity for meaningful inferences focusing on better treatment.
Using gene expression data for subtype-associated biomarkers we examined classical, basal, secretory, primitive-like lung cancer subtype characteristics within and across tumors (Figure 2D , Supplementary Table 9 ). Classical subgroup is associated with xenobiotic metabolism functional theme and is known to be enriched in smokers as compared to non-smokers, while secretory subgroup has very distinctive functional theme of immune response, and basal subgroup shows a cell adhesion and epidermal developmental functional theme (Wilkerson et al., 2010) . Two regions in P4 had basal-like characteristics whereas other three regions had more secretory type signatures. Similarly, one region in P5 (current smoker) had signatures of secretory subgrouping and others were classified as classical. P5 also showed amplification and high expression of TP63 gene, which is another key characteristic of classical subgroup. P1, P2, P4-R1, R2, R5 and P5-R4, which had enrichment for secretory subgroup also showed high immune score as compared to other samples. Taken together, regional patterns of trancriptomic heterogeneity impacted molecular signatures of proliferation, epithelial-mesenchymal characteristics, and ultimately clinically relevant expression subtypes. These regional variations at transcriptome level are suggestive of ongoing selection, providing evidence for non-neutral evolution.
Comparative assessment of genomic and transcriptomic ITH
There were parallels between ITH at genetic and transcriptomic levels; intra-tumor spatial heterogeneity was generally lower compared to tumor-paired benign tissue divergence at both levels, and that the patterns of transcriptomic divergence between regions matched corresponding patterns of genetic divergence, even after considering tumor purity ( Figure 2B-C) . Nonetheless, differences between heterogeneity at these two levels were phenotypically relevant. We calculated Ω -ITH to tumor-benign tissue divergence ratio for each tumor at genomic and transcriptomic levels (Ω g and Ω t ), and compared them to study differences in ITH patterns between the two levels. Ω was generally higher at transcriptomic level than that at the genetic level ( Figure 2F) . Samples P1, P2, P4 showed relatively higher transcriptomic heterogeneity while P5 and P6 showed proportionally lower transcriptomic heterogeneity. Interestingly, Ω t /Ω g showed consistent patterns with histological subtyping and phenotypic characteristics, with P1, P2, and P4 showing secretory characteristics, with low mean proliferative, apoptotic, and EM scores, compared to P3, P5 and P6 (Figure 2G) . The indices and subtyping were based on different sets of genes, so the observed patterns are unlikely due to random variation in a small number of genes. Lung squamous cell cancers with secretory subtype have modest proliferative characteristics and show substantial transcriptional heterogeneity beyond that observed at genomic level. Overall, while signatures of selection was not apparent at genomic level, regional differences in proliferative characteristics point towards ongoing evolvability.
Heterogeneity in immune cell infiltration and associated signatures
We then investigated the extent of immune cell infiltration and heterogeneity across all tumor regions. Based on computational predictions by ESTIMATE (Yoshihara et al., 2013) P1, P2 and P4 samples had relatively high immune signatures ( Figure 3A) . P5 showed regional heterogeneity in terms of the extent of immune infiltration with R4 showing much higher infiltration as compared to other three regions. Further deconvolution of gene expression (Gentles et al., 2015) revealed that CD8+, CD4+, plasma cells and M2 macrophages were the most abundant immune cell types (Figure 3A and Supplementary Table 10 ). CD4+ and M2 macrophages were present consistently across all tumor regions, whereas CD8+ T cells showed more regional variations. We constructed phylograms using estimated proportions of different immune cell types, and found overall high intra-tumor immune heterogeneity (Figure 3B) . We were also able to detect multiple potential T cell clonotypes based on T cell receptor status , but few of them were ubiquitous (Supplementary Figure 14) . We note that T cell clonotype identification is computationally non-trivial, especially when T cell infiltration is low. But in general, the results indicate regionally heterogeneous tumor infiltrating lymphocytes.
Next, we analyzed both HLA and somatic mutation status (see Methods for details) in different tumor regions to determine neo-epitope burden. We inferred HLA types for each tumor samples conservatively using both exome and RNAseq data ( Supplementary Table 11 ), and those detected in both were considered further. Both HLA I and II genes had detectable expression as shown in Supplementary Figure 15 . Further, using HLA types, mutation burden and expression data, neo-epitopes were predicted for all the regions across all tumors (See methods). Tumor neoepitope burden (TNB) varied from 8 to 341 per region across different samples (Figure 3C) , of them ~10% were classified as high affinity neo-epitopes ( Supplementary Figure 16) . Neo-epitope burden could not be calculated for P1-R1 because no HLAs were detected both at genomic and transcriptomic levels that were also present in NetMHCpan database. The neo-epitopes were classified into three categories viz. ubiquitous, shared and unique depending upon their abundance in different regions of same tumor. We observed that 55-100% of the neo-epitopes were present in only one tumor region and only up to 7% were ubiquitous (Figure 3D) . This indicates high level of intra-tumor heterogeneity in neo-epitope burden, unlike that observed at the level of somatic mutations (Figure 1B  and 3D) , even though tumor mutation burden (TMB) and tumor neo-epitope burden (TNB) were highly correlated (Spearman correlation coefficient = 0.82, pvalue: 2.1e-06; Supplementary Figure 17) . Interestingly, as reported earlier (Rosenthal et al., 2019) , we also observed that TNB negatively correlated with immune infiltration (Spearman correlation coefficient: -0.85; Supplementary Figure 18 ) and was high in samples with low immune infiltration (P3, P5 and P6), and vice versa. This was not biased by mutation burden, and the negative correlation was significant even after adjusting for TMB (Spearman partial correlation coefficient: -0.57; p-value: 5.1e-03). We further analyzed expression status of 28 genes associated with anti-PD1 response (see Methods for details) in these samples. The samples with low immune infiltration also showed low anti-PD1 favor score (Figure 3C and Supplementary Figure  19) . These observations, together with absence of ubiquitous, dominant T cell clonotypes suggest that these appear to be cold tumors in terms of their potential to elicit strong response to immunotherapy. Recent report (Cristescu et al., 2018) shows that both tumor mutation burden and T-cell inflamed gene expression profile (GEP) are needed to elicit strong immune response, and lung squamous cell carcinoma is known to generally escape immune surveillance (Thorsson et al., 2018) .
We observed high intra-tumor immune heterogeneity, as shown by phylograms drawn using both neo-epitopes (Supplementary Figure 20, Supplementary Table 12 ) and computationally estimated proportions of different immune cell types (Figure 3B, Supplementary Table 12 ), although the latter was relatively moderate than the former. We also computed Shannon's and Gini-Simpson's indices for each region to quantify intra-region species richness and diversity in terms of abundance of different immune cell populations (Supplementary Figure 21) . These intra-region diversity and richness measures at the level of immune features have higher values and showed greater regional variation than that observed at genetic level (Supplementary Figure 8) , which is consistent with recent reports (Jia et al., 2018) . Further comparative assessment of ITH at genetic, transcriptomic and immunogenic levels show that in general, ITH patterns at the levels of immune cell abundance were high and less similar to the genomic and transcriptomic ITH patterns, than latter were to one another. We compared the extent of divergence of tumor regions from paired normal regions, and found that immune divergence correlate with genomic divergence weakly (Spearman partial correlation coefficient: 0.22, p-value >0.05; Figure 3E) . In a similar note, comparing Ω between genomic, transcriptomic, and immune levels, we found no strong correlation between heterogeneity patterns at immune and other levels (Supplementary Figure 22) .
Overall, abundance of immune cell types showed ITH higher than that at other levels, and joint patterns of regional variations in immune cell infiltration and neo-epitopes suggest that immunological pruning of tumor cell populations by neo-epitope depletion impose negative selection during tumor evolution, an emerging theme observed elsewhere as well (Jia et al., 2018; Zhang et al., 2018) . Determinants of heterogeneity in histopathological characteristics Overall, regional differences in genomic, transcriptomic, and immune signatures appear to be broadly consistent, and collectively impact clinically relevant histopathological characteristics. As an example, we showcase patient P4, a male, 56 year old ex-smoker with a stage IIIA malignancy (Figure 4A) . The five geographically distant regions profiled from the patient had regional differences in histological characteristics and immune infiltration, which was reflected in gene expression based classification, with R1, R2, R5 designated as secretory, and R3, R4 designated as basal subtype. R3 and R4 also had higher proliferative potential than other regions and more epithelial like features which corroborated with their basal subtype classification. This observation for P4 is in line with the comparative analyses of ITH at multiple levels in Figure 2 and 3, where we observe that transcriptomic and immune-level heterogeneity correlate with phenotypic heterogeneity more than genetic heterogeneity. Furthermore, immune infiltration negatively correlates with the mutation burden at the genetic level. These observations show that ITH at different levels are related, and impact histopathological characteristics (Figure 4B) ; yet their complex inter-relation may not be sufficiently captured by assessment of ITH at any one level.
Multi-level heterogeneity reveals different selection pressures
An integrative assessment of molecular signatures at genetic and non-genetic levels indicates an actively evolving, dynamic complex system in these tumors. We find footprints of different selective pressure at different levels of genetic and non-genetic heterogeneity (Figure 4C-D) .
First, there is ongoing debate about inference on signatures of selection and mode of evolution using genomic data, since clonal architecture alone provides no information about the temporal order in which subclones emerge and the ongoing selection. To address this issue, we develop a framework using genomic-level data. If two subclones of very different ages reach comparable population size in a tumor, they likely have differences in growth rates, such that late arising clones are likely growing faster (Figure 4C) . Clock-like mutation signature in clonal populations arises due to replication-associated processes, providing estimates of age of the clones in terms of the number of mitosis. We computed the burden of clock-like signature for mutation clusters in the samples, and sample P5 is shown as an example (Supplementary Figure 23) . In this sample, cluster#0 had the highest burden of clock-like signature i.e likely arose earlier than others, mutation cluster #1 had the highest abundance among all clusters in all regions (i.e. N #0 < N #1 and t #0 > t #1 in Figure 4C ) -suggesting that cluster #1 might have higher growth rate than cluster #0. Since our cohort had a modest sample size, and clonal architecture was not explicitly inferred, we analyzed relevant data for TracerX cohort (Jamal-Hanjani et al., 2017) , which identified clonal phylogeny for 100 non-small cell lung cancer samples from multi-region exome sequencing using a similar approach. For each tumor, we identified the subclones that are terminal leaves of the clonal phylogenetic tree. Overall relative abundance of a majority of these detectable subclones within the tumors may be considered as comparable e.g. having within less than 2 orders of magnitude difference in population size (Supplementary Table 7 in (Jamal-Hanjani et al., 2017) ). We identified their corresponding private somatic mutations, and estimated the burden of clock-like mutation signature, which accumulates progressively with cell division. In a majority of the tumors, detectable subclones had large differences in the estimated burden of clock-like signatures (Figure 4D) , indicating that those likely arose at different time during tumor progression, and therefore have unequal growth rates, which would be suggestive of non-neutral tumor evolution.
Second, at transcriptome-level we observe prominent differences in key oncogenic processes within and between tumors with implications for growth of tumor cell populations. For instance, we observed intra-tumor regional difference in proliferation and apoptosis potential (Figure 2D and 4A) . Such differences may be mediated by differences in genetic, non-genetic and/or microenvironment-related factors. In any case, this would result in asymmetric tumor growth, and lead to increased mutagenesis due to replication stress in highly proliferative region. Indeed, we observe that tumors with high proliferation rate also have high mutation burden (e.g. P3, P5, and P6; Figure 2D and Supplementary Figure 3) . We find consistent results analyzing TCGA LUSC genomic and proteomic data that tumors with higher proliferation rate (Cyclin B1 expression) tend to be of advanced stage and have high number of driver mutations, and that high proliferation rate is associated with high somatic mutation burden as well (Supplementary Figures 24 -26) . Thus, heterogeneity in biological processes with impact on tumor growth rates provide substrate for tumor evolution.
Third, as we show earlier (Figure 3D) , neo-epitopes were rarely present in all regions in a tumor, and neoepitope burden negatively correlated with immune infiltration. Overall, these patterns are consistent with predatorprey dynamics between immune and tumor cells, and suggest that immunological pruning of tumor cell populations by neo-epitope depletion imposes negative selection on genetic variations during tumor evolution (Jia et al., 2018; Zhang et al., 2018) .
In summary, these observations suggest an active evolutionary dynamic process in the tumors under influence of different selective constraints due to clonal evolution and tumor-microenvironment interactions (Figure 4E ). 
DISCUSSION
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Age of pa1ents (TracerX cohort) Burden of clock-like signature in tumor subclones D Figure 4 . Impact of mul;-level intra-tumor heterogeneity. A) As an example, mul1-level intra-tumor heterogeneity in pa1ent P4, a 56 year old, male ex-smoker pa1ent has stage IIIA tumor is presented. Regional varia1ons in histological characteris1cs and immune cell infiltra1on correlate with predicted subtype characteris1cs and immune scores. Furthermore, the tumor shows regional varia1ons in prolifera1on and apoptosis scores, indica1ng coherence in mul1-level intra-tumor heterogeneity. B) Crosstalk between heterogeneity at different levels, ul1mately impac1ng phenotypic heterogeneity in histological characteris1cs. C) Inference about subclonal age and growth rates based on the burden of clock-like signature in soma1c muta1ons private to subclones detected in a tumor. We investigate intra-tumor heterogeneity (ITH) patterns in lung squamous cell carcinoma at levels of genomic, transcriptomic, tumor-immune cell interactions, and histological characteristics by multi-region profiling and develop a novel analytical framework to compare ITH at different levels. We have three key observations. First, our findings show that even though the extent of heterogeneity differs between genetic and non-genetic levels, there is biological consistency between regional patterns of heterogeneity at these levels. Despite high somatic mutation burden, data from others and us showed that spatial pattern of genetic ITH in lung squamous cell carcinoma is moderate, which might be due to spatial mixing of tumor subclones. In contrast, regional patterns of trancriptomic and immune heterogeneity were generally higher, indicating non-genetic sources of variation , and impacted key cancer-related pathways, subtype characteristics, multi-drug resistance, and proliferative potential. Anyhow similarity of phylograms at genetic and transcriptomic level, and correspondence between purity-adjusted copy number and gene expression suggests that genetic heterogeneity is not buffered at expression level (Figure 4B) . We observe coherent regional differences at other instances as well, including TERT expression v/s telomere length, neo-epitope burden v/s immune cell infiltration that indicate biologically consistent patterns of variations across multiple levels.
Second, intra-tumor heterogeneity at different levels collectively impact tumor histological features. For instance, regional differences in gene expression, immune signatures, and subtype classification matched histological features (Figure 4A and Supplementary Figure 1) -indicating that intra-tumor functional heterogeneity is manifested in regional differences in phenotypic characteristics. Presence of multiple different subtype characteristics within the same tumor have been reported elsewhere, but our study provides evidence linking regional differences in histological characteristics with transcriptomic and immune level heterogeneity (Figure 4B) .
Third, integrative assessment of genetic and non-genetic heterogeneity patterns provide quantitative insights into non-neutral evolutionary dynamics in these tumors (De and Ganesan, 2017) , which was not apparent at the genetic level alone (Figure 4E) . For instance, clock-like signatures and proliferation rate variation from transcriptome data suggest that detectable subclones likely arose at different time during tumor evolution and that those might have different growth dynamics. On the other hand, intra-tumor immune heterogeneity patterns suggested that tumorimmune cell interactions impose negative selection by pruning the tumor cells carrying neo-epitopes that elicit strong immune response.
Overall, our study shows that despite having coherent patterns of ITH at different genetic and non-genetic levels, multi-level assessment of heterogeneity is necessary to identify the determinants of phenotypic heterogeneity in clinically relevant characteristics, and to appreciate the roles microenvironment plays in influencing the mode of tumor evolution.
METHODS
Biospecimen collection, and multi-region genomic profiling:
We obtained surgically resected, fresh frozen tumor and matched normal tissue specimen from 8 de-identified, stage IX-IIIB lung squamous cell carcinoma patients under an IRB approved protocol. Details of the samples are provided as Supplementary Table 1 . For each tumor 3-5 different regions that were geographically distant were identified, and biopsied to obtain tissue sections. When possible, H&E staining of tumors was done to identify tumor rich regions in order to take the biopsies. In total, 37 biopsies (8 normal and 29 tumor) were processed in this study. Pathological tumor purity was 40-80%. DNA and RNA were co-extracted from 29 biopsies (6 normal and 23 tumors) using TRizol method and were further processed for exome and RNA sequencing. For 8 other biopsies (2 normal and 6 tumors -from 2 patients) only DNA was isolated using Qiagen DNeasy kit and exome sequencing was performed. Exome and RNA sequencing (rRNA depletion) were performed on Illumina HiSeq 2000 using 150bp paired-end protocol.
Genomic data analysis: FastQC (v0.11.7) was used for initial quality checks, and low-quality reads and PCR duplicates were removed. Next, we used BWA-mem Durbin, 2009) (v0.7.17-r1188) to map the reads onto human genome (GRCh38), and call variants using varScan2 (Koboldt et al., 2012 ) (mapping quality > 40, base quality > 20). The average sequencing depth ranged from ~50-191x for exome-seq ( Supplementary Table 13 ). Variants present in dbSNP or those with strand bias were excluded, and only 'high confidence' somatic variants with tumor allele frequency >5% at least in one tumor region and normal allele frequency <1% were selected. A vast majority of the reported somatic variants had no read support in matched normal tissues. For each somatic variant deemed as high confidence variant in at least one tumor region, we queried the corresponding base-position in other tumor regions in that tumor specimen, and if the variant allele was supported by reads with mapping quality >20 and base quality >25 and variant allele frequency > 2%, it was included ( Supplementary Table 2 ). All identified somatic mutations were annotated with SnpEff (Cingolani et al., 2012) (v4.3t) . Missense, nonsense, frameshift, or splicing mutations in known COSMIC cancer genes with high-predicted impact were marked.
We used desonstructSigs (Rosenthal et al., 2016) to identify patterns of mutational signatures on somatic variants. Mutational signatures were inferred for ubiquitous and non-ubiquitous (shared + unique) variations separately, also all variations together (ubiquitous + shared + unique). Also, analysis was done both using all 30 signatures as well as selected signatures relevant to lung cancer biology (Alexandrov et al., 2016) .
Copy number variation analysis was done using FACETS (Shen and Seshan, 2016) based on exomesequencing data. Reads with mapping quality >15 and base quality >20 were considered for CNV analysis, and genomic regions with inferred duplication, deletion, or LOH were identified. Whole genome duplication and ploidylevel changes were inferred based on chromosome-wide, haplotype-aware copy number inferences.
To infer telomere length in the tumor regions, we used TelSeq (Ding et al., 2014) , which considers the reads with ≥7 TTAGGG/CCCTAA repeats to provide an estimate of telomere length. Telomere length was estimated for both tumor regions (TTL: Tumor Telomere Length) as well as normal (NTL: Normal Telomere Length). We reported telomere length for different tumor regions relative to their matched normal region from the same donor as log 2 of fold change between tumor and normal [log 2 (TTL/NTL)].
Heatmaps, genetic phylograms, and heterogeneity estimates: Heatmaps, depicting regional abundance of somatic SNVs, were drawn using variant allele frequency (vaf) data for somatic SNVs across all regions of a tumor. Pair-wise distance between the regions d ij in a patient was computed as distance in terms of difference in vaf for all detected SNVs, as ! !" = ! !" − ! !" !∈! /V where s ik is the vaf of k th variant in i-th region in a tumor. Then multiregional tumor trees (unrooted phylograms) were drawn using this distance metric using neighbor joining. Distances between pairs of regions in the trees represent the extent similarity between different regions of same tumor at the genomic SNV level. We computed = ! ! !!! ! !!! where l i=B is the branch length of the phylogram from the healthy tissue to its nearest node, providing an estimate of the ratio of intra-patient regional diversity to tumor-benign tissue divergence.
For each tumor specimen, based on the catalog of somatic mutations and copy number data across multiple regions variant clusters were identified using PyClone (v0.13.1) (Roth et al., 2014) . Default parameter setting was used correlation coefficient between expression data of samples and centroids was calculated. Subgroup showing the highest correlation coefficient (with pval<0.01) was assigned to each sample.
Multiregional tumor trees at transcriptomic levels were constructed for every patient using RNA expression data for all genes across different regions, using an approach similar to that used at genomic level. Manhattan distance was computed between all regions of a patient sample using log 2 (TPM+1) and then unrooted phylograms were drawn using this distance metric.
Immune signature analysis: Immune cell infiltrations were inferred from molecular signatures of immune cell types. ESTIMATE (v1.0.13) (Yoshihara et al., 2013) was used to for predicting the level of immune infiltration in tumor tissues. CIBERSORT (Gentles et al., 2015) was used to further estimate abundance of different immune cell populations from expression data. Standard LM22 signature gene file, and 1000 permutations were used to calculate deconvolution p values.
Class I and class II HLA types were predicted from both DNA and RNA data using HLAminer (Warren et al., 2012) . Only most likely HLA class I alleles (Confidence (-10 * log10(Eval)) >= 30 and Score >= 500) were considered. HLA identified at both DNA and RNA levels were selected for further analysis.
MuPeXI (Bjerregaard et al., 2017) was used for predicting potential neo-epitopes (neo-epitopes) using exome and RNA sequencing data. It uses somatic mutation calls (SNVs and InDels), a list of HLA types, and a gene expression profile to predict tumor specific peptides. All predicted neo-epitopes were classified into two categories based on their binding affinity to predicted HLA types; weak binders and strong binders. Strong binders were defined as: expression >1, mutRank < 0.5, Priority score > 0 and difference between normal and mutRank > 0.5 and weak binders as: mutRank < 2. mutRANK is %Rank of prediction score for mutant peptides as defined by netMHCpan 4.0 (Jurtz et al., 2017) , which is used at backhand in MuPeXI. Based on this criteria weak binders and strong binders were predicted for all tumor regions across all samples. Further these neo-epitopes were classified into three categories based on their regional abundances; ubiquitous, shared and unique. This classification was done for both weak and strong binders separately.
TCR repertoire predictions were done on both DNA and RNA data using MiXCR and VDJtools . Paired-end RNA and exome fastq files for each sample were provided for MiXCR analysis. The exome data was analyzed using the default MiXCR pipeline parameters, and the RNA-seq files were analyzed using the pipeline and parameters recommended for RNA-seq data in the MiXCR documentation. For each sample, the clonotypes with the highest count (supporting reads) were selected from the exome data (> 3 supporting reads) and the RNA data (> 24 supporting reads). The count, fraction, and sequence of these clonotypes were then compared to other clonotypes from the same tumor to look for intratumor heterogeneity. In addition, the MiXCR output files were then converted to vdjtools format and analyzed using vdjtools to get basic statistics, spectratypes, segment usage graphs, and diversity statistics for each sample.
Anti-PD1 favor score was calculated for each tumor region using gene expression data [log 2 (TPM+1)] for 28 genes that comprise of anti-PD1 favor signature (Gibney et al., 2016) (Supplementary Table 14) . For each gene, Zscores corresponding to its expression in tumor regions were calculated based on mean and standard deviation of its expression in the benign samples, and then anti-PD1 favor score was defined as mean z-scores of the genes involved.
Similar to genomic and transcriptomic data, multiregional tumor trees were also made for every patient to infer immunogenic heterogeneity (iITH). In this case trees were made using two different datasets; i) immune cell proportions from CIBERSORT (Gentles et al., 2015) and ii) expression of neo-epitopes predicted from MuPeXI (Bjerregaard et al., 2017) . Expression of predicted neo-epitopes was considered zero in a region if the neoepitope is not detected in that region. Manhattan distance was computed between all regions of a patient sample using both the datasets independently and separate unrooted phylograms were drawn using respective distance metrics.
MetaITH pipeline:
We develop metaITH -a novel computational framework to provide an easy interface to perform meta-analysis of intra-tumor heterogeneity patterns across different levels, and for estimating transcriptomic signatures of disease-relevant biological processes. Heterogeneity-related utilities include heatmaps, phylograms, and measures of intra-tumor divergence and diversity at different levels. Signature-related utilities include geneset signatures for proliferation, apoptosis, hypoxia, multi-drug resistance, anti-PD1 favor, but those could be also used to estimate other user-defined signatures as well. MetaITH is written in R, and a provisional version is provided with README files and relevant examples for review purposes (Supplementary File 1) . The pipeline is being developed as freely available resource on Github (https://github.com/sjdlabgroup/metaITH.git).
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SD conceived the project. AS, SD designed the experiments. AS, AC performed the experiments. AS, EM analyzed the data. AS, JM, GR, SD interpreted the data. AS, SD wrote the manuscript. Figure 1 . Assessment of genetic heterogeneity in lung squamous cell cancer. A) Schematic representation of the study design showing multi-dimensional analysis of intra-tumor heterogeneity based on multi-region profiling of tumor specimens. B) Heatmap shows regional variation in allele frequency of somatic single nucleotide variants (SNVs) for 8 patient samples. Somatic variants below detection threshold (<2% allele frequency) are marked in grey. Variations are categorized into three categories; Ubiquitous -present in all regions (blue), shared -present in multiple regions but not all (yellow), unique -present in single region (orange). Phylograms represent genetic similarity between different regions within a tumor for each patient sample based on somatic SNVs. C) Regional differences in inferred telomere length in tumor regions, relative to matched normal tissue. D) Relative abundance of somatic mutation clusters identified in different tumor regions for P6. E) COSMIC mutational signatures inferred from somatic base changes in tumors corresponding to the mutations that are ubiquitous (U) and non-ubiquitous (NU-i.e. shared and unique). . D) Somatic mutations in the tumor samples and those that are designated as neo-epitopes are grouped as ubiquitous, shared, and unique depending on their regional presentation. An excess of 'unique' epitopes relative to the patterns observed for all somatic variants is indicative of negative selection on the neo-epitopes. E) Scatterplot comparing the extent of immune and genomic divergence (left panel), and the extent of immune and transcriptomic divergence (right panel) for different tumor regions from their respective matched benign tissues. Color codes are same as Figure 2A .
FIGURES
Figure 4. Impact of multi-level intra-tumor heterogeneity. A)
As an example, multi-level intra-tumor heterogeneity in patient P4, a 56 year old, male ex-smoker patient has stage IIIA tumor is presented. Regional variations in histological characteristics and immune cell infiltration correlate with predicted subtype characteristics and immune scores. Furthermore, the tumor shows regional variations in proliferation and apoptosis scores, indicating coherence in multi-level intra-tumor heterogeneity. B) Crosstalk between heterogeneity at different levels, ultimately impacting phenotypic heterogeneity in histological characteristics. C) Inference about subclonal age and growth rates based on the burden of clock-like signature in somatic mutations private to subclones detected in a tumor. 
Supplementary Figure 2 :Tumor purity es/mates as inferred computa/onally by ESTIMATE using RNAseq data and pathological es/mates inferred by pathologist using H&E stained slides. Pathological tumor purity es/mates were not available for all samples. Supplementary Figure 23 : In Sample P5, muta/on clusters were iden/fied using Pyclone as shown in Supplementary  Figure 7 . The burden of clock-like signature was es/mated for each muta/on cluster, and plobed for cluster #0 -2, which had sufficient muta/ons. Not all clusters in all samples had sufficient soma/c muta/ons for signature analysis. 
